Introduction. The ability to track improvement against racial/ethnic disparities in mental health care is hindered by the varying methods and disparity definitions used in previous research. Data. Nationally representative sample of whites, blacks, and Latinos from the 2002 to 2006 Medical Expenditure Panel Survey. Dependent variables are total, outpatient, and prescription drug mental health care expenditure. Methods. Rank-and propensity score-based methods concordant with the Institute of Medicine (IOM) definition of health care disparities were compared with commonly used disparities methods. To implement the IOM definition, we modeled expenditures using a two-part GLM, adjusted distributions of need variables, and predicted expenditures for each racial/ethnic group. Findings. Racial/ethnic disparities were significant for all expenditure measures. Disparity estimates from the IOM-concordant methods were similar to one another but greater than a method using the residual effect of race/ethnicity. Black-white and Latino-white disparities were found for any expenditure in each category and Latino-white disparities were significant in expenditure conditional on use. Conclusions. Findings of disparities in access among blacks and disparities in access and expenditures after initiation among Latinos suggest the need for continued policy efforts targeting disparities reduction. In these data, the propensity score-based method and the rank-and-replace method were precise and adequate methods of implementing the IOM definition of disparity.
ethnic differences in mental health care. Since the time of the Surgeon General's report, black-white and Latino-white disparities in mental health care have widened (Cook, Miranda, and McGuire 2007) . Blacks and Latinos have fewer mental health visits to both generalist and specialty mental health care providers than whites do, and blacks suffering from mood and anxiety disorders are less likely than whites to receive care (Wells et al. 2001; Alegria et al. 2002 Alegria et al. , 2008 Wang et al. 2005; AHRQ 2008c ). These treatment disparities may contribute to more chronic episodes of depression and greater functional limitation among minority groups (Breslau et al. 2005; Williams et al. 2007) .
Our study extends these previous findings by separately assessing disparities in any mental health treatment and expenditures given treatment for total, outpatient, and prescription drug mental health treatment. We focus on outpatient and prescription drug mental health care because outpatient treatment is the most common type of mental health care and mental healthrelated prescription drug expenditures are the primary reason for increases in mental health care expenditures over the last decade (Frank, Goldman, and McGuire 2009) .
Disparities in mental health care are driven by several factors. First, many individuals diagnosed with a mental illness are not receiving mental health care services (AHRQ 2008c); conversely, many individuals without a diagnosed mental illness are receiving mental health services (Alegria et al. 2008) . Second, socioeconomic factors mediate mental health care disparities. Poverty is a significant contributor to Latino-white and black-white differences in mental health specialty care (Alegria et al. 2002; Chow, Jaffee, and Snowden 2003) . Third, disparities are mediated by large differences in insurance status among racial/ethnic groups (DeNavas-Walt, Proctor, and Smith 2008) and the varying coverage of mental health services across insurance plans. Some generous plans cover most or all mental health services and pay providers on a fee-for-service basis; other insurance plans including ''carved out'' behavioral health care plans may restrict the number and type of mental health visits. State Medicaid plans also vary widely in their generosity of coverage of mental health services (Frank, Goldman, and Hogan 2003) . Fourth, differences due to discrimination (whether because of biases, prejudice, or statistical discrimination) contribute to disparities in mental health care (Balsa and McGuire 2001; Balsa, McGuire, and Meredith 2005) .
Previous studies of mental health disparities use different methods to account for these underlying mechanisms of disparities. For example, the National Healthcare Disparities Reports (NHDR), published each year by the Agency of Healthcare Research and Quality (AHRQ), compares unadjusted means and assesses race coefficients in multivariate regression models (AHRQ 2008c) . Other studies have estimated differences with and without adjustment for socioeconomic status (SES) variables and interpreted changes in race coefficients across these successive models as an indication of the mediation of SES variables (Wells et al. 2001; Alegria et al. 2002; Fiscella et al. 2002; Wang et al. 2005) . Other mental health care disparities studies Cook, Miranda, and McGuire 2007) have implemented the Institute of Medicine (IOM) definition of health care disparity presented in Unequal Treatment (IOM 2002) as does the present study. This definition distinguishes between differences and disparities in quality of health care. Racial differences combine three distinct categories of effects:
1. Differences among groups in clinical appropriateness and need and patient preferences 2. Differential impact on groups of the operation of health care systems and the legal and regulatory climate, possibly due to differences in SES 3. Discrimination According to the IOM, disparities exclude differences due to (1) but include differences due to (2) and (3). Implementing this definition requires measurement of these three sets of factors. In our analysis, we identify individual-level variables in the dataset that most closely represent each of the categories, considering variables related to mental health and health status to be indicators of clinical appropriateness and need, variables related to SES to identify differential treatment by the operation of the health care system, and racial/ethnic group for discrimination.
1 Thus, using individual-level data, we balance mental health and health status measures across racial/ethnic groups but allow differences mediated by SES variables to be part of the disparity calculation. If the impact of the health care system and legal and regulatory policies is more detrimental to lower SES groups, and racial/ethnic minorities are disproportionately located in these lower SES groups, then these mediated differences should be considered part of a disparity. Differences due to discrimination (because of biases, prejudice, or statistical discrimination) also contribute to disparities in quality of health care. Consistent use of the IOM definition would allow for comparisons between studies and across health care measures so that changes in disparities can be tracked over time. However, the definition is not easily implemented with commonly used analytic tools because it calls for the inclusion of some group differences but not others. Simple differences are not adjusted for health status variables, but race coefficients in multivariate regressions that adjust for all available variables do not capture the contribution to the disparity of racial/ ethnic differences in SES.
In the current study, we define a method as ''IOM-concordant'' (Cook et al. 2009a) if it estimates the difference between the mental health care of white and minority (black or Latino) populations selected or adjusted to have the following characteristics: (1) the same distribution of health status; and (2) marginal distributions of SES that are like whites and minorities, respectively, with that distribution of health status. We recognize that there are numerous joint distributions for the nonwhite counterfactual group that can be specified under this definition. We prefer methods that preserve correlations in a plausible fashion, but we do not require a specific counterfactual joint distribution in order to avoid causal assumptions about the relationship between health status and SES.
We have identified two IOM-concordant methods of health status adjustment that are applicable in the context of nonlinear models: the rankand-replace method ) and a method that combines propensity scores and the rank-and-replace method (Cook et al. 2009a) . The rankand-replace method adjusts health status by ranking each sample by a summary index of health status and replacing the health status of each minority individual with that of the correspondingly ranked white, thus preserving the ranking of health status and its rank correlation with SES measures. The propensity score-based method weights minority and white individuals to have the same health status distribution and then uses a rank-based method to restore the minority's original distribution of SES variables. This paper details differences in the methods' properties, applies these methods to mental health care, and assesses the sensitivity of findings to different mental health care measures. The mental health care sector is a particularly appropriate sector of health care to compare methods of implementation of the IOM framework because socioeconomic factors such as health insurance coverage, income, and education are strong mediators of mental health care (AHRQ 2008c) , and mental health status and discrimination factor largely into racial/ethnic differ-ences in access to mental health care (Balsa, McGuire, and Meredith 2005; Breslau et al. 2005 ). An additional benefit is that the Medical Expenditure Panel Survey (MEPS) dataset contains detailed information regarding individuals' needs for mental health services, socioeconomic factors, and varying types and costs of mental health care utilization.
In this paper, we improve upon and implement methods concordant with the IOM definition to assess disparities in total mental health care expenditures and two subcategories of mental health care (outpatient treatment and prescription drug use). To better understand these disparities, we assess disparities in any treatment and expenditures given treatment. We focus on the application of IOM-concordant methods to three dependent variables: total mental health care expenditure, prescription drug expenditure, and outpatient mental health expenditure. These variables were generated from compiled claims data and self-reported out-of-pocket expenditure and standardized to 2006 dollars. In order to implement the IOM definition of health care disparities, we classified covariates other than race/ethnicity into two broad categories: SES variables and variables indicating mental health care need (from now on, referred to as ''need'' variables). SES variables include education, income, region of the country, residence in a metropolitan statistical area (MSA), citizenship status, insurance coverage, and participation in a health maintenance organization (HMO). Need variables include self-reported mental and physical health; the mental and physical health components of the SF-12; any limitation at work due to anxiety, depression, or other mental illness; gender; age; and marital status. Physical health variables are also considered as variables indicating need given the high rates of comorbidity between physical ailments and mental disorders (Alexopoulos et al. 1997; Afari et al. 2001; de Groot et al. 2001; Clarke and Meiris 2007) and include any limitation due to physical health, body mass index (BMI), and a list of 11 chronic illnesses.
The sample size of the 5 years of MEPS data was initially 175,309 but was trimmed to 111,914 given our inclusion criteria of being 18 years of age or older, non-Latino white, black, or Latino, nonmilitary, and noninstitutionalized. MEPS surveys could not be linked with the NHIS for 3,775 respondents including persons who become eligible in the middle of the survey year, and a few cases found to be NHIS nonrespondents. Our final 2002-2006 MEPS sample contains 108,139 individuals with 64,196 whites, 16,949 blacks, and 26,994 Latinos. The MEPS lacked SF-12 physical and mental health component scores for about 7 percent of our sample, while most other variables were missing in o1 percent of the sample. We multiply imputed missing items to create five completed datasets, analyzed each set, and used standard rules to combine the estimates and adjust standard errors for the uncertainty due to imputation (Rubin 1998; Little and Rubin 2002) .
METHODS
Disparity estimation proceeded in three steps. The first was to fit a multivariate two-part model for mental health care expenditure (one each for total, outpatient, and prescription drug) as a function of all relevant independent covariates, including appropriate interactions. We separately modeled the probability of any expenditures and the level of expenditure conditional on positive expenditures using generalized linear models (GLMs) (McCullagh and Nelder 1989) . This avoids the potential inconsistency from fitting an OLS model to logged expenditures in the second part without adequate retransformation (Manning 1998; Mullahy 1998) . For the positive part of the distribution of expenditures, we modeled the expected expenditures E(y|x, y40) directly as m(x 0 b) where m is the link between the observed raw scale of expenditure, y, and the linear predictor x 0 b, where x is a vector of the predictors. The GLM also allows for heteroscedastic residual variances related to the predicted mean (Buntin and Zaslavsky 2004) . The conditional variance of y given that y40 is assumed to be a power of expected expenditures, conditional on x. Thus, we can characterize the mean and variance functions as 
Using diagnostics in Manning and Mullahy (2001) and Buntin and Zaslavsky (2004) , we identified the optimal GLM to have a log link, and residual variance proportional to mean squared (l 5 2). We used the modified Hosmer-Leme-show test to assess systematic misfit overall in terms of predicted expenditures, as well as the model misfit for major covariates. The second step was to adjust the minority distribution of need to match the white distribution while preserving the distributions of SES variables for each racial/ethnic group using the rank-and-replace method or propensity score-based method, described below. Finally, predicted expenditures were calculated using the two-part GLM and the adjusted health status distributions, and compared across racial groups.
Adjustment Method #1: The Rank-and-Replace Method
The rank-and-replace adjustment method creates a counterfactual population of black or Latino individuals with the white distribution of need without adjustment for SES covariates. Multivariate indicators of need are summarized with a univariate need-based linear predictor (Cook, Miranda, and McGuire 2007; Cook et al. 2009a ) defined as the sum of the terms (coefficient times covariate) of the fitted model corresponding to need variables.
2 Different models were fit for the first and second parts of the two-part model, where covariates included race/ethnicity indicators, SES and need variables, but no race/ethnicity-by-need interactions. Individuals were then assigned surveyweighted ranks within their race based on this need predictor, and the need variable values of each minority individual were replaced by those of the equivalently ranked white individual. Thus, a black individual with a needbased predictor at the p-th percentile for blacks would be reassigned the need variable values of the white individual at the p-th percentile for whites. Predicted use and expenditure for each minority individual were then calculated using the coefficients from the original two-part model and the adjusted need covariate values. The means of these predictions were then subtracted from the means of white's predictions to estimate an IOMconcordant disparity.
We prefer this method to an alternative rank-and-replace method that adjusts each individual need variable separately Cook 2007; Cook, McGuire, and Zuvekas 2009b) . The latter does not deal systematically with associations among the covariates, and it faces difficulties with dichotomous variables because these have so many ties at 0 and 1. We also prefer this method to replacing the need-based linear predictor itself (Cook, Miranda, and McGuire 2007; Cook et al. 2009a ) because the latter adjusts racial/ethnic differences in coefficients as well as characteristics.
Adjustment Method #2: Combining a Health Status Propensity Score Method with SES Adjustment
A second method of adjustment for need combines propensity scores with the rank-and-replace method. The first part of this method weighted each individual based on the propensity of being a white (in a combined white-minority population) conditional on a vector of observed covariates. Because we only want to balance on need variables, we obtain a propensity score, eˆ(H i ), from the predicted probabilities generated by a logistic model for being white conditional on need covariates (age, gender, mental health status, and health status variables), but not SES variables. Separate models were fit for blacks and Latinos. Conditional on the propensity score, the distributions of observed need covariates are the same for minorities and whites (Rubin 1997) .
We used the propensity score to weight minority individuals by their probability to be white (eˆ(H i )), and white individuals by their probability to be minority (1 À eˆ(H i )), both in weighted regressions conditional on need covariates. These weights were multiplied by the survey weights to ensure that the weighted samples were balanced on need. These weights place more emphasis on individuals with eˆ(H i ) close to 0.5, whose health status distributions could be either white or minority. If the model for eˆ(H i ) is well specified, this weighting scheme adjusts the weighted need distributions to be the same for whites and minorities. The resulting white/minority counterfactual has need variables corresponding to the intersection of the white and minority populations' need distributions.
If SES and need variables are correlated, however, this propensity score adjustment is not concordant with the IOM definition since the weighting then also alters the distribution of SES variables.
3 To undo the unintended alteration of the distribution of SES values, we applied a rank-and-replace adjustment of SES variables similar to that described above to adjust the propensityscore-weighted SES distributions in each group to match the corresponding preadjustment SES distributions. The resulting SES distributions for blacks and Latinos are, in effect, unadjusted, and marginal SES distributions for these groups end up identical to the original data. For all three measures of mental health expenditures, we compared the disparity predictions and standard errors measured by (1) the rank-andreplace method; (2) the propensity score-based method; and other methods used previously in the literature: (3) differences in unadjusted means (e.g., AHRQ 2008c); and (4) a prediction method based on the race/ethnicity coefficient of the regression model. The latter prediction method, the ''residual direct effect (RDE) ) (also called ''predictive margins'' [Graubard and Korn 1999] , or ''recycled predictions'' [see Davern et al. 2007; Blewett et al. 2008; Wells et al. 2008] ), generates predictions based on the coefficient of interest (in this case, the racial/ethnic group identifier) while adjusting for all other observed characteristics. For total mental health expenditures, we graphed, by method, each racial/ethnic groups' estimated disparity (white-minority) in probability of expenditure (part 1 of the two-part model), average predicted expenditure given care (part 2), and overall predicted expenditure.
Variance Calculation
Variance estimates account for both the complex sample design and the multiple imputation of missing data. Stratum and primary sampling unit (PSU) variables were standardized across pooled years (AHRQ 2008b) using publicly available strata and PSU variables that specify a common variance structure for MEPS respondents across multiple years of data. Variance estimates for predicted expenditures, rates, and disparities were calculated using a balanced-repeated-replication (BRR) procedure (Wolter 1985) . This method repeats the estimation process used on the full sample on 64 subsamples of the population, each of which is half of the full sample size, and calculates the variance of these 64 estimates. The final step in standard error estimation accounts for multiple imputation by averaging the BRR-estimated standard errors across the five imputed datasets and adding 6/5 of the variance of those five estimates (Little and Rubin 2002 ). Table 1 shows significant unadjusted differences between blacks and whites in nearly all mental health, need, and SES measures. Unadjusted expenditures and rates of any expenditure were significantly lower for blacks and Latinos compared with whites for total mental health expenditure, outpatient, and prescription drug mental health expenditure (po.05).
RESULTS
For total mental health expenditure, we present coefficients from the two-part model to identify significant correlates of mental health expenditure ( Table 2 ). The race/ethnicity coefficient was significant for blacks but not for Latinos in the logit model for any expenditure. As expected, poorer selfreported mental health status, poorer self-reported physical health status, having any limitation due to mental or physical illness, lower scores on the MCS-12 (signifying worse mental health), and a number of chronic conditions positively predicted mental health expenditure. Being female, more highly educated, and a U.S. citizen, having a higher BMI, and residing in a metropolis were also positive predictors. Negative predictors were having three or more chronic conditions, being married, and being uninsured. Among those with positive expenditures, neither the black nor Latino coefficient was a significant predictor of quantity. Predictors of larger expenditures among positive spenders were poorer self-reported mental health status, having a limitation of activity due to physical or mental health, higher scores on the PCS-12 (indicating better physical health), being a college graduate, and having public insurance. Significant negative predictors were higher scores on the MCS-12, having joint pain, being above age 65, female, and married, and living in the South or West. Coefficients and standard errors take into account sampling weights and stratification used to make MEPS sample representative of U.S. population.
z Model includes interactions between race and sex, self-reported mental health status, self-reported overall health status, education, and income variables, yet only the main effect coefficients are displayed here. Main effects with interactions included were centered (Kraemer and Blasey 2004 ) before fitting the model. Year of survey indicator variables were also included in the regression but are not presented.
We found statistically significant racial/ethnic disparities in total, outpatient, and prescription drug expenditures (Table 3) for all methods of calculating disparity (unadjusted, RDE of race, rank-and-replace, and propensity score-based method), and for both blacks and Latinos. Whites spent an average of U.S.$198 on mental health care. The rank-and-replace method estimated the disparities (white-minority) to be U.S.$80 for blacks and U.S.$90 for Latinos, and the propensity score-based method estimated disparities of U.S.$104 for blacks and U.S.$91 for Latinos. For outpatient mental health care, whites spent an average of U.S.$69. Using the rank-and-replace method, blacks and Latinos spent U.S.$28 less. Using the propensity scorebased method, blacks and Latinos spent U.S.$38 and U.S.$32 less, respectively. For prescription drug mental health care, whites spent an average of U.S.$97. Using the rank-and-replace method, blacks and Latinos spent U.S.$53 and U.S.$49 less, respectively, and using the propensity score-based method, blacks and Latinos spent U.S.$64 and U.S.$48 less. For each of the three dependent variables, the IOM-concordant disparity estimates were generally lower than unadjusted rates for Latinos and higher for blacks, and significantly greater than RDE prediction estimates for Latinos. The larger share of mental health care expenditure disparities was attributable to differences in the predicted probabilities of any mental health expenditure (Figure 1 ). For example, using the rank-and-replace method, blacks and Latinos were about half as likely to have any mental health care expenditure (7.0 percent of blacks, 8.3 percent of Latinos, and 15.7 percent of whites). Disparities in predicted probability of any expenditure were also significant for outpatient care and prescription drug expenditures using both IOM-concordant methods (data not shown). Among those who used care, there were no differences between blacks and whites on predicted expenditures and Latinos had significantly lower predicted expenditure. These trends held across all three dependent variables, and across unadjusted estimates, RDE predictions, and both IOM-concordant methods.
DISCUSSION
We found black-white and Latino-white disparities in total, outpatient, and prescription drug mental health care expenditures that were robust to adjusting for need using two different methods. The disparities in reaching the first Note. Unadjusted differences, two IOM-concordant predictions (rank-and-replace and propensity score-based methods), and RDE predictions are presented.
Source : 2002 -2006 . RDE, residual direct effect of race/ethnicity prediction method based on race/ethnicity coefficient error bars represent 95 percent confidence interval generated from standard estimation using a combination of balanced repeated replication and multiple imputation methods. mental health visit, outpatient visit and filling the first prescription highlight the importance of reducing barriers to access to mental health care for racial/ ethnic minorities. On the other hand, we did not find black-white disparities among those using mental health care services, complementing previous findings that African Americans were less likely than whites to fill an antidepressant prescription but were similar to whites in having an adequate trial of antidepressant medication (Harman, Edlund, and Fortney 2004) . These latter results provide preliminary evidence that equitable use of mental health care services for African Americans is being provided once it is initiated, but that Latino-white disparities persist in mental health care use even after accessing care.
Eliminating disparities in any use of mental health care will require intervention at multiple levels, including reducing the numbers of uninsured, changing provider practices, and reducing barriers to care. As in previous studies (Zuvekas and Taliaferro 2003; McGuire et al. 2006; Cook, Miranda, and McGuire 2007) , we found that blacks and Latinos were more likely than whites to be uninsured, and that lack of insurance was a strong negative predictor of any utilization of mental health care. At the provider level, physicians were found to be less likely to identify mental illness among racial/ ethnic minority patients compared to white patients, possibly because of the inadequacy of standardized screening and diagnostic instruments to detect mental illness in minority populations (Ryu, Young, and Kwak 2002) , or greater levels of miscommunication between patient and provider because of different language, culture, or communications patterns (Balsa, McGuire, and Meredith 2005) . Blacks and Latinos are more likely than whites to perceive stigma and financial barriers to mental health care, disproportionately endorsing ''embarrassment to discuss problems,'' ''loss of pay from work,'' and ''concern of losing employment,'' as barriers to receiving mental health treatment (Ojeda and McGuire 2006) .
A limitation of the data is the lack of information in the MEPS regarding preferences for mental health care, a predictor of mental health care use that has been shown to vary significantly by racial/ethnic group (Diala et al. 2001; Cooper et al. 2003) , and which should be controlled for in disparity calculations according to the IOM definition of health care disparities. Even if preferences measures were included, their adjustment would be problematic given that patients are rarely fully informed about their clinical options when deciding to access health care (Braddock et al. 1999; IOM 2002; Ashton et al. 2003) , and because preferences may have been influenced by previous experiences with discrimination or with inadequate or inaccessible care (Cooper-Patrick et al. 1997) . Without accounting for the association between preferences, SES, and previous discrimination, the inclusion and adjustment of preferences in disparities models may lead to biased disparity estimates. Another limitation of our data is that the MEPS does not provide adequate sample size to measure disparities among Latino and African American subethnic groups (e.g., Mexican, Puerto Rican, Cuban, Afro-Caribbean) while adjusting for other covariates. Prior research (Alegria et al. 2007; Jackson et al. 2007) found significant mental health service use differences between these subethnic groups, suggesting this more in-depth investigation of disparities would be worthwhile given a larger dataset.
In this paper, we offer two methods of implementing the IOM definition of health care disparities. We advocate for the continued use of IOM-concordant methods because they measure the part of racial/ethnic differences in health care that is most relevant and amenable to change at the health system level, distinct from underlying differences in need characteristics that are beyond the immediate reach of health care. Similar to previous studies Cook, McGuire, and Zuvekas 2009b) , we found important differences between IOM-concordant methods and other typically used disparity methods in the magnitude of disparities estimated. IOM-concordant methods estimated black-white disparities to be greater than a comparison of unadjusted means, and Latino-white disparities to be greater than the RDE method. The comparison of the IOM-concordant methods with the RDE prediction method identified a significant mediating role of SES-related factors (education, income, insurance, citizenship, and regional characteristics) for Latinos, but not blacks in these data. Decomposing the contributions of these variables to disparity estimates (results not shown) shows that, for blacks, change in disparity estimates due to adjustments to SES were small in comparison with the main black race effect. For Latinos, the smaller disparities estimated using the RDE prediction method were largely driven by adjustments to the education, insurance status, and citizenship status variables.
We compared the propensity score-based and rank-and-replace implementations of the IOM definition of health care disparities. While both methods are IOM-concordant, adjusting white and minority need distributions to be the same, the resulting distribution differs between the two methods. The rank-andreplace method replaces minority need with that of whites. The propensity score-based method adjusts the need distributions of both races to that of a subset of whites and blacks reflecting their overlap on need characteristics and therefore is more similar to that of blacks and reflects higher need.
These differing counterfactual need distributions can lead to differing disparity estimates because of the nonlinearity of the models. Race and SES effects are modeled additively on the logit (for probabilities) or log (for conditional costs) scale, and when applied to a population with greater baseline level, the retransformed difference is larger on the natural scale (probability or dollars, respectively).
The methods also differ in their use of outcome variables; the rank-andreplace method adjusts the health status distributions as they affect expenditure, while the propensity score-based method adjusts health status distributions ignoring expenditure. Thus, the propensity score-based method provides the same adjustment for both parts of the two-part model and for any desired dependent variables, while the rank-and-replace adjustment differs according to the model and the response.
Each method has appealing methodological features. The counterfactual minority population created by the rank-and-replace method is constructed to match two observable distributions: the marginal health status distribution of whites and the marginal SES distribution of minorities. On the other hand, the counterfactual population created by the propensity score-based method may be more plausible because it conducts comparisons in populations of white and minority individuals selected (by weighting) to have similar distributions of health status characteristics. By explicitly modeling the outcome variable in each part of the two-part model, the rank-and-replace method ensures identical distributions of health status variables as they affect our quantities of interest, while by ignoring the outcome variable in the main adjustment step, the propensity score provides protection against data dredging or manipulation of the model to achieve a desired result. Using both methods provides a check on the sensitivity of estimates to alternative modeling assumptions. In this study, both methods found that fewer mental health care resources, whether overall, outpatient, or prescription drug related, were spent on blacks and Latinos, and that the large part of the disparity was attributable to differences in initial use of these services.
